ABSTRACT. This article is concerned with the detection of bone fragments embedded in de-boned 
rays in meat and bone have been utilized for the inspection of presence or absence of bone fragments. Unfortunately, this x-ray imaging technique often suffers from errors in measured images, leading to high false-positive rates of up to 40% in a commercial system (Gregerson, 2001) . The uneven thickness of chicken fillets and the variability of embedded bone fragments are well-known factors generating errors in x-ray images of chicken fillets. In a recent study to control the sample thickness factor, x-ray imaging has been combined with a thickness-compensation technique based on range estimation with structured line light (Tao, 2000) .
Our study is based on visible (VIS) and near-infrared (NIR) optical imaging of chicken meat samples and spatial/ spectral analysis of the obtained images. In general, optical imaging of turbid biological tissue, such as human breast, has several potential advantages over existing ionizing radiation methods like x-rays (Hebden et al., 1997) . First, the light radiation is non-ionizing and non-destructive if the light intensity is kept below safety limits (just low enough to avoid the risk of thermal damage). Second, optical methods offer the potential to discriminate between different tissues, due to their different absorption or scattering properties at VIS/NIR wavelengths. Third, specific absorption by natural chromophores, which are the part of visibly colored molecules responsible for light absorption, indicates functional information, such as a blood concentration in a tissue volume or a level of oxygenation. In the biomedical field, optical imaging, using lasers or other light sources including sophisticated photon detectors, is an emerging imaging modality for exploring the internal structure and the functional properties of biological tissue at the organ/tissue or molecular/cellular level that are not easily accessible by other methods. Compared to x-ray imaging, the potentials of optical imaging to measure the internal and functional properties of uncooked or cooked poultry products have not been fully explored yet.
Until recently, the use of light sources to measure internal properties of foods has been largely limited to fruits, vegetables, and other non-meat products (Loeb and Barton, 2003; Lu, 2003) . Transmission of a red laser at 633 nm through 25Ămm thick pork muscle was used to measure pork quality (Swatland and Irie, 1992) .
Unfortunately, one of the major problems related to light transmission in a turbid medium, such as human breast, ocean underwater, or dense fog, is the light attenuation due to scattering (change in a photon's direction) and absorption (no light in an image) (Tuchin, 2000; Garcia et al., 2002; Gibson et al., 2005) . In other words, the light intensity after passing through the turbid material is greatly attenuated because the light does not travel a straight path through the material but rather travels randomly (Gibson et al., 2005) . This random travel of light also increases the chance of light absorption so that images observed at the surface become blurry, low contrast, and noisy (Hebden et al., 1997) , making bone detection rather challenging. Hence, when applying an optical imaging technique to bone detection, there is a need to investigate image enhancement techniques to increase image contrast. In some cases, naturally occurring meat features, such as connective tissue and fat, are observed from the surface of a chicken fillet and are often imaged as "bone-like dark objects," making subsequent image analysis difficult. Thus, there is also a need to discriminate normal meat features from embedded bone fragments. In addition, conventional (unstructured, often diffused) round light, such as the light from an MR-16 lamp, is often inadequate for imaging a chicken fillet because the backlight illuminates the sample in a highly non-uniform way, producing an image with a bright spot and a poorly illuminated area surrounding it. In general, nonuniform lighting effects may be alleviated or easy to treat with an image formation model if structured lighting is used (Narasimhan et al., 2005) . Hence, there is also a need to develop a lighting method suitable to use in bone detection and a technique to compensate the non-uniform lighting effect that seems inevitable even though structured lighting is used. Because of these reasons, we used a structured line light and developed image enhancement techniques before applying standard machine vision techniques, such as thresholding and segmentation, to images. To deal with the non-uniform light effect of the line light, we developed a transmittance-image formation model, called the illumination-transmittance model, such that embedded bones are more easily detectable. Reflectance imaging was utilized to discriminate normal meat features from bone fragments.
The overall objective of this research was to study whether optical imaging can be a viable solution for detection of bone fragments in chicken fillets. Specific goals were: (1) to develop an imaging system to measure samples, (2) to develop a method to correct non-uniform lighting effects and to enhance image contrasts, (3) to develop a technique to discriminate between bone fragments and normal meat features, and (4) to develop an automated bone-detection algorithm.
MATERIALS AND METHODS

CHICKEN MEAT AND BONE SAMPLES
Five broilers were obtained from the chiller in a local poultry processing plant and transported in a cooler (not to exceed 12.8°C) to the laboratory. The whole birds were manually deboned within an hour with a cone deboner and a knife. The boneless skinless breast meats were then stored in plastic bags along with clavicles (wishbones). The plastic bags were packed in ice prior to the image measurements in order to replicate the typical temperature condition (not to exceed 12.8°C) of the poultry industry. Each whole breast fillet was cut into halves (left and right), and each half was then cut into three pieces (the thickest from the caudal end, the middle, and the thinnest from the dorsal end), resulting in three different thicknesses ( fig. 1 ). Natural fat deposits were not removed from the surface. The dorsal pieces were not used for this study because the light penetration in samples less than 1 cm thickness, such as the dorsal pieces, was good and embedded bones were well resolved. Thus, the total number of meat samples used for the study was 20. Bone fragments about 2 cm long were used because bone fragments greater than 2 cm are considered a food hazard. Clavicles, which are most frequently found as physical hazards in poultry products, were broken into two parts (left and right wishbones). The left and right bones were further broken into two different sizes (large and small). Larger bones were inserted into the fillet pieces from the caudal end. Smaller bones were inserted into the middle thickness samples. If necessary, one end of each broken bone was sharpened for easy insertion into the meat. The average size of the broken bones used for this research was about 2.4 cm long and 0.2 cm thick. Although rather variable, the bones were inserted horizontally in the middle depth of each fillet piece. Actual locations and orientations of the inserted bones were varied.
Image measurements were done with a hyperspectral camera on compressed meat samples (1 cm thickness), with and without embedded bones to aid in the analysis and detection of the bones. As expected, our preliminary study showed that the penetration depth of visible and near-infrared (VIS/ NIR) light into chicken meat was highly limited by the meat sample's thickness and by the light intensity. Light intensity, however, was not as important as sample thickness because a high intensity did not always generate discernible shadows of embedded bones from back-illumination. Instead, the increased light intensity eliminated the shadows of bones because of the light diffraction (bending) and the diffusion of light photons scattered around edges of the embedded bones, and thus resulted in images that were saturated at some pixels, and noisy and blurred at some other pixels, which often led to low-contrast images. Another preliminary study was also performed in order to determine how deep the VIS/NIR light at a given light intensity could penetrate into chicken breast fillets before losing the visibility of the embedded bone fragments. The preliminary study revealed that optically detecting a bone embedded in chicken meat of more than 1 cm thickness was very challenging due to strong multiple scattering properties of the chicken meat. In addition, even if the samples were trimmed with a knife, rough and uneven surfaces hindered an accurate and consistent data analysis. Thus, there was a need to compress the sample thickness to 1 cm and to make the sample's surface as smooth and uniform as possible. To meet this need, a sample compressor and a sample holder were used to compress the meat sample to a 1Ăcm thickness with a smooth and even surface ( fig. 2) . A compression stand was constructed from a caulk gun to aid in compressing the meat sample in the sample holder to 1 cm ( fig. 2a) . The sample holder consisted of two parallel aluminum plates. Each plate had a rectangular window (2.5× 4.5Ăcm) to allow light transmittance, and a thermoset ADC plastic window (1.5 mm thickness) was glued over each opening. The sample holder was designed such that both sides of a sample could be imaged by flipping the sample holder over. For this requirement, six nuts were welded onto the inner surfaces of the plates and were tightened by bolts. The size of the nuts was selected to guarantee a constant thickness (set to 1 cm for this research).
IMAGING SYSTEM
Our imaging system consisted of a hyperspectral camera, two light systems (one for transmittance and one for reflec-tance imaging), a light enclosure to house a line light source and block unwanted back-illumination, a sample holder, and software to process and analyze the data. The hyperspectral camera scanned a sample (in fact, the sample holder) line by line by moving the front optic lens (Lawrence et al., 2003 ). An imaging system ( fig. 3 ), equipped with a hyperspectral camera, was configured for both transmittance and reflectance hyperspectral imaging. The hyperspectral camera system (ITD, Stennis Space Center, Miss.) consisted of a spectrograph (ImSpector V10E, Specim, Oulu, Finland), a 12-bit CCD camera (SensiCam QE, Cooke Corp., Auburn Hills, Mich.), a front lens (XNP 12/23-0202, Schneider Optics, Hauppage, N.Y.), a focal plane scanner (ITD, Stennis Space Center, Miss.), a frame-grabber, and a computer and HyperVisual software (ITD, Stennis Space Center, Miss.). The spectrograph had a prism-grating-prism design with a nominal spectral range of 400 to 1000 nm. It was connected to the 2/3-inch silicon-based CCD camera with 1280 × 1024Ăpixel resolution. The transmittance lighting system consisted of a 150 W tungsten-halogen MR-16 lamp (EKE, Ushio, Cypress, Cal.), a DC-stabilized power supply and a lamp assembly housing (Fiber-Lite A-240, Dolan-Jenner Industries, Boxborough, Mass.), and a fiber-optic line light illuminator (QF55, Dolan-Jenner Industries, Boxborough, Mass.). A 30.5 cm long rod lens (LHF-5575, Dolan-Jenner Industries, Boxborough, Mass.) was attached to the line light source to generate a highly focused stripe. The width of the focused beam was about 0.7 mm at the incident surface of a meat sample. The beam, after being focused, was divergent at a 50° angle when there was no sample present. The rod lens formed a stripe beam of 8 to 9 kilolux. For reflectance illumination, two 50 W tungsten-halogen MR-16 lamps were used. Except for the acquisition of hyperspectral images (using HyperVisual), software development was done using Matlab (The Mathworks, Inc., Natick, Mass.).
Transmittance Mode
For transmittance measurements, a 40 × 45 × 45 cm aluminum enclosure was used to accommodate the line light source, and was mounted on the base of a commercial camera copy stand. The hyperspectral camera was attached to the camera stand and directed toward the opening on the top of the enclosure. The top of the enclosure was covered by a template with a 7.6 × 12.7 cm rectangular opening, which was then covered by another template with a 3 × 90 mm opening slit to restrict unwanted light transmission from the inside of the enclosure through the meat sample. Finally, a sample holder was placed on the top of the slit template.
Reflectance Mode
As a supplementary imaging modality to the transmittance imaging, reflectance imaging was performed to detect naturally occurring surface materials, such as fat deposits and connective tissues. The most common materials that looked like bone shadows in transmittance images were fat deposits, muscle fibers, and connective tissues. The transmittance imaging system was converted into a reflectance imaging system by simply attaching two 50 W tungsten-halogen lamps to the posts of the enclosure, as shown in figure 3.
Measurements
A total of 80 transmittance and 80 reflectance images were collected. First, both sides of a sample with an embedded bone were imaged. Next, the embedded bone was manually removed. Finally, both sides of the same sample without the bone were imaged. Each sample was imaged in transmittance mode first and then in reflectance mode. A total of 520 spectral images from 364 nm to 1024 nm were collected per measurement and spectrally calibrated (Lawrence et al., 2003) . Our previous study found that transmittance spectra of fat/ bone/meat were very similar in terms of shape and absorption bands (Yoon et al., 2006) . This similarity limits the use of spectral information for bone detection. However, two important things were observed from the reflectance images. At the spectral range between 500 nm and 650 nm, fat had higher reflectance values compared to meat, and fat did not have a strong absorption feature at about 550 nm compared to meat. Thus, image fusion of reflectance and transmittance images is highly desirable for bone detection in the VIS/NIR range as a method to exploit the advantages of both imaging modalities. The wavelength band at 608 nm was heuristically chosen for this study. Overall, the 608 nm wavelength showed a high image contrast. The selection of optimum wavelengths for maximizing image contrasts, and thus leading to better detection performance, needs to be studied in the future. The original image size was 340 (W) × 160 (H), but the valid data area was limited only to the window of the sample holder. Hence, the image was cropped to 148 (W) × 82 (H).
IMAGE PROCESSING FOR BONE DETECTION
This section describes an image formation model for estimating a transmittance function from images of structured back-illumination and its application to the bone detection problem. The structured line light used for this study generated non-uniform intensity distributions both across and along the line direction. The illumination-transmittance model was proposed to effectively correct the non-uniform lighting effects and to increase image contrasts. Then, standard image processing techniques were applied to the enhanced images for the task of bone detection.
Illumination-Transmittance Model
As mentioned earlier, non-uniform illumination may cause image distortions, such as uneven image contrast. The illumination-reflectance model is one of the popular methods for correcting non-uniform light effects in reflectance images, (Gonzalez and Woods, 1992; Garcia et al., 2002) . In the illumination-reflectance model, an image is defined as a function of the product of the illumination and reflectance properties of a scene. We extended the illuminationreflectance model to a model, called the illuminationtransmittance model, for correcting non-uniform light effects in transmittance images, as described by equation 1:
where f(x, y) is the image captured by the camera; t(x, y) is the transmittance function (or ideal image under absence of shading); f m (x, y) is the multiplicative factor that is the product of i(x, y), the illumination multiplicative factor, and g(x,Ăy), the camera gain; and h(x, y) is the non-uniform additive shading term that comes from the non-uniform camera sensitivity. We ignored h(x, y) because its effect was small compared to the illumination effect. The multiplicative factor, f m (x, y) in equation 1, can be modeled as a smoothing function or a function of morphological operators. In order to model non-uniform lighting effects, f m (x, y) needs to be smooth enough to estimate the illumination field and large enough to ignore small image features. Morphological operators were used in series in order to obtain f m (x, y) in which small bright and dark pixels were removed.
The relative position of the camera and the line light source was adjusted so that the focused beam of the line light was shown as a horizontal profile of white pixels at the center of the image. For clarity on direction, "parallel to line light" is defined as the "horizontal" direction and "normal to line light" is defined as the "vertical" direction throughout this article. In transmission images of chicken fillets using the line light, the horizontal intensity profiles away from the center area were created by multiple scattering. Hence, we assumed that the change in intensity values in the vertical direction at the image was independent of the light source because it was not caused by the lighting but by the internal structure of sample. For this reason, horizontal morphological open and close operations were applied to the captured image, f(x, y), in order to obtain f m (x, y). The 1-D line structuring elements were used for the morphological operators. The acquired image f(x, y) was corrected by a point-by-point division with the multiplicative factor term, resulting in an estimate of ideal transmittance image t(x, y) by:
where d is a normalization constant that restores the overall image luminance. The operation for correcting the nonuniform distribution of illumination is summarized in the block diagram in figure 4.
Reflectance Image Features from Phase Congruency
A hyperspectral reflectance image of chicken breast fillets contains useful information about the light reflectance properties of fatty materials and non-fatty materials (Yoon et al., 2006) . Phase congruency (Kovesi, 1999) was applied to a reflectance image to find pixels of fatty materials. Phase congruency is a dimensionless quantity that is invariant to changes in image brightness or contrast. Hence, it provides an absolute measure of feature significance, thus allowing the use of universal threshold values that can be applied over wide classes of images. Fatty materials are shown dark in transmittance images and are difficult to distinguish from bone fragments. Reflectance images were exploited to compensate for incorrectly detected dark objects in the transmittance images.
Algorithm Design
The flowchart in figure 5 summarizes the image processing algorithm that detects the presence or absence of bone fragments. The top row of the flowchart shows an algorithm for a transmittance image, I t . The module for correcting nonuniform lighting effects consists of the processes mentioned in figure 4 . The histogram stretching module increases the image contrast by a histogram stretching method. A predefined threshold value is applied, followed by median filtering in order to remove isolated small features. The output of the median filtering module becomes a binary image, bw t I , . The middle row of figure 5 consists of modules to process a reflectance image, I r . The module for extracting features is based on the phase congruency technique. An automatic threshold algorithm (Otsu, 1979) The following image fusion rule based on a set difference was used to obtain bw Î : bw r bw t bw
The post-processing module consists of a 2-D median filter and a size filter that removes small objects among detected objects. The output of the post-processing module is a binary image. Table 1 summarizes the size measurements of the meat and bone samples. The thicknesses of the meat samples ranged from 12.43 to 26.41 mm, and the average compression ratio of the meat samples was 1.98. The average bone length was 23.5 mm. Some chicken samples were mildly (sometimes severely) scalded because of the scalding process of the poultry processing plant where the chicken samples were collected. Scalded meat and fat were very similar (i.e.,Ădark) in transmittance images. Connective tissue was shown as a long, thin, dark object in transmittance images.
RESULTS AND DISCUSSION
SAMPLE VARIABILITY
CORRECTION OF NON-UNIFORM INTENSITY DISTRIBUTION
The selection of the parameters for the illuminationtransmittance model was done by trial and error. The length of linear line structuring elements for the morphological open and close operators was 13 and 25, respectively. The structuring elements have all ones as their member values. The 5% linear stretching method was adopted for the histogram stretching. The global threshold value after histogram stretching was set to 0.3, and d in equation 2 was set to 1.
To show the effectiveness of the illumination-transmittance model, a transmittance image of a compressed fillet piece without an embedded bone is shown in figure 6a . As shown in figure 6a, there were no prominent surface features, such as connective tissue, muscle fiber, and fat. A Gaussianlike average intensity profile was observed vertically, largely due to the nature of scattering from the interaction of line light and the sample ( fig. 6c ). As expected, the horizontal profile on average was not uniform either ( fig. 6c ). Horizontal intensity profiles were influenced by various factors, such as different absorption and scattering properties of chicken breast fillets, the presence of bone, the amount of fat and muscle fiber, and so on. The results after correcting the vertical and horizontal non-uniformities are shown in fig-( uresĂ6b and 6d. Both vertical and horizontal profiles became almost flat and uniform.
In the case of an embedded-bone image, the illuminationtransmittance model not only corrected the non-uniformity in intensity distribution, but also enhanced bone shadows (figs.Ă7 and 8). Figure 7 shows two example images, the enhanced images, and the multiplicative factor images created by morphological operations. In general, the morphological open and close operations removed local peaks (bright pixels) and filled valleys (dark pixels), respectively. In figure 8 , a horizontal intensity profile was arbitrarily selected from the original image of figure 7a. Figure 8 shows how the horizontal profile is processed by the morphological open and close operations and the non-uniformity correction operation based on the illumination-transmittance model. From equation 2, the profile in figure 8b was obtained by dividing the profile in figure 8a with the profile in figure 8d. Table 2 summarizes the detection accuracy and falsepositive rate of the imaging technology for bone detection presented in this article. "Outside" and "inside" in the table refer to the outside (closest to the skin) and inside surfaces of the chicken breast fillets, respectively. In these cases, each side of a sample was regarded as an independent sample. Bones in three outside samples out of 20 were not detected, and one bone was missed from the inside samples. The detection difference between these two cases was mainly due to the location of the bones. If a bone was located near one side, then the image of that side showed a stronger (i.e., darker) response to the presence of bone than the other side. "Either side" means that either side was considered for bone detection. In other words, if either side detected a bone, then the sample was counted as having a bone fragment. Bones in all 20 samples were detected when either side of each sample was examined. When samples without bones were tested, only one outside sample was falsely identified as having bone. On the other hand, five inside samples were falsely identified as samples with bone fragments. When either side was considered, six samples were falsely identified as samples with bone. These results were obtained without fusion of both sides based on equation 3.
OVERALL PERFORMANCE
The performance was improved when both sides were fused using equation 3. The detection accuracy was 100%, which was the same as the "either side" cases, but the falsepositive rate was reduced by 10% (from 30% to 20%). Imaging of all six samples that were falsely detected as having bone was greatly influenced by thick fatty material (two samples), severely scalded skin tissue (four samples), and strong connective tissue (one sample). If the four samples that were severely scalded were not counted, the false-positive rate was reduced to 10%, as shown in table 2. In one case, the algorithm for extracting normal surface materials from reflectance images was not accurate so that they were classified as false positives. Hence, future research for obtaining more accurate segmentation maps for reflectance images may reduce the false-positive rate even further.
FEASIBILITY OF IMAGING TECHNOLOGY IN INDUSTRIAL PRACTICE
Whole fillets from smaller birds are widely used in the fast-food industry to meet customer requirements. Their specifications require a standard thickness and size so that restaurant cooking practices can be standardized, even to the point of pre-programming a specific cooking time for the fryers used to cook fillets. Fillets that are too thick also present a potential safety hazard for the fast-food industry. Therefore, the smallest fillets produced by a poultry processor are typically reserved for this segment of the business. These customers are also the most concerned with bones, since injuries constitute a significant portion of their insurance costs and are bad for their image. Because larger birds are often used by processors to improve yield, fillets are sometimes cut to standard sizes, and a slitter machine has been developed to cut fillets horizontally to provide a constant thickness. Most fast-food companies require that the whole fillet, with batter and breading applied, be no thicker than 2.5 cm, which means a 2 cm maximum thickness for the fillet. A fillet of this size can be temporarily compressed to 1 cm without loss of structural integrity, as is typically done en masse using a conveyor belt flattener. Only large (thicker than 2 cm) uncut fillets develop structural integrity problems when compressed to 1Ăcm. One company even requires that fillets be crust-frozen just prior to flattening so that the fillet remains at approximately 1.5 cm after flattening.
Regarding the application of imaging technology to the poultry industry, a similar application was marketed and tested in the mid-1990s in which whole fillets were passed through a belt flattener with transparent belting with a bright light source underneath. Eight employees observed the fillets to detect and remove those with bones (the flattening provided a smooth surface and standard thickness to promote light passage). This technique was not adopted by the industry due to worker eye fatigue, a problem that imaging technology would overcome. In summary, temporarily compressing whole fillets to maximize bone detection with imaging technology would not be difficult for the poultry industry to adopt and use in its plants. The industry would only need to add transparent belting to the existing belt flatteners.
Trimmed meat pieces, from sources like breast-fillet deboning, slitting, or fillet-size trimming, are typically used in the formulation of chopped and formed products. These various-sized pieces are typically blended, placed in a Formax-type machine, and then stamped out in the shape of patties or nuggets. These products are then typically battered and breaded. As with whole fillets, thickness is an issue, and most of these products are of a required standard dimension. Imaging immediately after forming and prior to breading is possible, but the thickness of this product typically exceeds 1 cm, the haphazard orientation of the meat chunks in the product can distort light patterns, and the product cannot be reliably flattened without some loss of structural integrity. The best application for imaging technology in this instance is to use a belt flattener on the trim pieces prior to forming. Trim pieces of various sizes and shapes would pass through the imaging system with reliable results, as they are already considerably smaller than whole fillets. In addition, loss of structural integrity of large pieces would not be a problem, since the pieces will be blended and formed immediately after imaging.
CONCLUSIONS
This article reported an imaging method for detecting bone fragments embedded in de-boned skinless chicken breast fillets. Sample thickness was compressed to 1 cm. A structured line light source was investigated in a transmittance mode to exploit imaging patterns characteristic of embedded bones. An image enhancement technology using the illumination-transmittance model was proposed to correct non-uniform intensity distributions of structured backlighting and, at the same time, to increase the chance of detecting embedded bone fragments. The study found that bones embedded in compressed, 1 cm thick samples were always detectable when both sides of sample were examined. However, the developed technique suffers from false positive errors. A further study to reduce false positive errors is needed.
